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Abstract 
Residential and commercial buildings consume 66% of the electricity and 33% of all energy in the United States and are 
therefore considered as a key sector to review for energy savings. Early studies have reported a great potential for achieving cost-
effective energy efficiency in buildings through influencing behavioral change. However, it still remains a serious challenge to 
avoid negative boomerang effects in consumer behavioral change. Likewise, it is unclear how the lacking factor of the 
personality trait, which is vital to the success of normative feedback approach, shapes energy-related behaviors. To address these 
challenges, this paper presents a model-based approach to simulate the process of energy behavior change. Based on a modified 
opinion dynamics model, this study 1) explains the personality-behavior relations and acquires the elementary rules of behavior 
change by testing different treatment strategies; and 2) develops a personality trait-based energy reporting mechanism to lead 
behaviors towards more a favorable and sustained energy conservation movement. 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the CENTRO CONGRESSI INTERNAZIONALE SRL. 
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1. Introduction
The residential sector has played a vital role in energy use in the United States. The retail sales volume of
electricity by the residential sector alone occupied about 38% of all the sectors in the past five years. In addition, 
residential electricity consumption is estimated to increase by 21% from 2012 to 2040 due to climate change and the 
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growth in households and market-driven electric devices [1]. Yet residential programs focused on economic 
incentives or new technologies are becoming saturated, which illustrate the need for behavioral-driven energy 
efficiency programs at the residential level. 
In this paper, we integrate the social norms theory into energy efficient behaviors. The theory states that people 
have a disposition to adjust both their attitudes and behaviors towards what they comprehend as normal attitudes and 
behaviors. In the context of household energy efficiency, by offering residents their energy usage information and 
making normative comparison with their peers, this can achieve an energy use reduction of 4-12% [2]. This 
approach is referred to as normative feedback. 
However, this approach is limited as it always uses a “one-size-fits-all” solution. Typically, residents receive 
normative feedback via a home energy report. In the report, there are three bars displayed via a chart, each 
representing a particular value. The first bar is the monthly electricity consumption of the subject household, the 
second is the average for the whole community, and the third is the average for the most efficient 20% of the 
neighbors in the community [3,4]. It is clear that this type of home energy report only uses the average value and the 
most efficient 20% value as two normative benchmarks for comparison. Many earlier studies have demonstrated that 
the use of these reports has led to desired outcomes [5]. However, there have been some studies that found an 
undesirable boomerang effect resulted from the reports [6,7]. The boomerang effect refers to the phenomenon when 
some, initially pro-environmental, consumers relax their energy conservation habits by increasing energy use in 
response to learning the social norm. Despite this, Schultz (2007) [8] demonstrated that adding an injunctive 
message to the report can counter the boomerang effect in a household energy conservation context. On the other 
hand, Ayres et al. (2010) illustrated that this type of message may not eliminate the boomerang effect among the 
35,000 participants who were provided normative feedback in their experiment. Other studies have showed that 
being assigned to a different injunctive norm category does not significantly change the treatment effect for 
households near the category cutoffs [3]. Nevertheless, the most essential part to the success of the normative 
feedback approach, but lacking in behavior-based energy efficiency related discussions, was the   “personality trait”. 
These traits robustly motivate individuals’ thoughts and behaviors and undoubtedly play a role in the success of 
normative feedback. In fact, several evidences show personality traits affect environment-related behaviors in 
various ways. Notably, one of the personality traits – “openness” can help people in overcoming the obstacles which 
prevent them from developing pro-environmental behaviors [9,10].  
In our study, we seek to further discuss how this personality trait of openness, which is one of the highly stable 
but often neglected individual characteristics, works on people’s energy use behaviors. Also, we are interested in the 
strategies to construct a customized feedback approach in order to improve household energy efficiency. 
Accordingly, this paper presents a model-based approach to cope with these knowledge gaps by introducing the 
personality trait and multiple energy consumption benchmarks into the normative feedback pattern. With the target 
of achieving sustainable behaviors for energy efficiency, we model and understand the process of residents’ energy 
behavior change using a modified Deffuant model from opinion dynamics. Based on uncertainty analysis and 
information transmission mode, this model can help us to define entity relationships and the transmission process so 
that we are able to explain and simulate how residents adjust their own opinions and behaviors. This model can also 
help us track the processes and results that occur when people with different personalities are affected by social 
norms or the behaviors of others around. By testing different treatment strategies using this modified model, we 
explain the personality-behavior relations and acquire the elementary rules of energy related behavior change.  
2. Model analysis and simulation results
2.1. Basic model of Deffuant opinion dynamics 
We model and understand this situation by using a modified Deffuant model [11] from Opinion Dynamics. The 
basic model is about adjusting randomly chosen agents’ opinions by the opinions of others around them. In the 
system, agents randomly take opinions from a continuous opinion space of [0, 1]. After a sufficient discussion, if the 
difference between opinions of the two involved agents xi(t) and xj(t) is smaller in magnitude than a threshold İ, their 
opinions get closer to each other by a certain percentage ȝ. While the difference exceeds the threshold İ, nothing 
happens. Therefore, their opinion dynamics can be expressed by the following formula [11]. 
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We define that changing one’s energy use behavior in light of the behavior of others around is the same 
mechanism as opinion change in the basic Deffuant model. Energy consumption which is considered as a household 
energy efficient behavior’s outcome, has been used in this paper to evaluate their energy related perception and
action. So we replaced “opinions” by “energy consumption”, still taken from the interval [0, 1] with 1 being 
extremely high consumption and 0 being exceeding low. Threshold İ has been discussed in several studies. It is 
always interpreted as a measure for the tolerance or openness to others’ opinions [12]. In this study, for instance, a
lower value of İ demonstrates a lower openness to other people’s energy consumption/behavior. Thus people with a 
lower İ have a tendency to avoid communicating with others or learning from the useful energy saving information. 
Here it’s renamed as openness, taken from the interval [0, 1] with 1 being a socially outgoing altruist and 0 being a 
super close-minded person. Convergence parameter ȝ is the percentage of consumption variation due to behaviour 
change after each time of interaction. For instance, if ȝ=0.5 after a conversation about energy usage between two 
residents, then their consumptions will converge to the mean value of their initial consumption before this 
interaction. Note that this parameter only affects the convergence time of the dynamics. So, the quantity of the final 
clusters and other important qualitative results we obtain do not depend on this parameter. In the following, we use 
the fixed value ȝ = 0.5 for simplicity.
2.2. Benchmarks setting for normative feedback 
Using this interaction policy will yield a population where all agents in the system gradually act the same. This 
means agents will consume almost the same amount of energy (which is a consensus in the opinion dynamics 
model), or some sets will be high in consumption and other ones will be low (which is fragmentation in the basic 
model). But the basic model is not sufficient to mimic the behavior change due to normative comparison. Hence, we 
launched two benchmarks from the initial simulation, modeled as social norms which affect the whole population. 
Now in addition to the previous interaction (1), if the difference between the individual consumption xi(t) and the 
benchmarks x1 or x2 is smaller than İ, the individual consumption will get closer to the benchmarks. Otherwise it 
will stay the same. 
if xi (t ) x1 > , xi (t+1) = xi (t )
if xi (t ) x1 , xi (t+1) = xi (t ) + (x1 xi (t ) )
(2)
if xi (t ) x2 > , xi (t+1) = xi (t )
if xi (t ) x2 , xi (t+1) = xi (t ) + (x1 xi (t ) )
 (3)
From the simulation results, we observe the clustering of people’s energy behaviors. Each cluster is characterized 
by a personality trait and benchmark setting, which result into different energy behaviors. Since the boundary 
condition of İ is a quadratic function of the difference between the two benchmarks (|x1-x2|), we demonstrate them 
with a 2D diagram to make it easier to understand. After several times of simulation, we have acquired the following 
results. In the range (4), zone 1 in Fig. 1, we always obtain only one cluster in the end, which means all households 
involved tend to be fully affected by the benchmarks. 
[0.65 1.125 x1 x2
2
+ 0.025 x1 x2 ,  1] for x1 x2 d 0.5
[0.03 0.5 x1 x2
2
+1.05 x1 x2 ,  1] for x1 x2 > 0.5
­
®
°
°¯
(4)
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Fig. 1. 2D plot of relationship between personality trait and two benchmarks. 
To be more specific, when households are provided with only one single benchmark (x1=x2) on their received home 
energy reports, their consumption all converges to the benchmark. Otherwise, their electricity usage fluctuates 
between two benchmarks (x1x2). Thus, in zone 1, the treatment acts directly on every individual regardless of the 
values of the benchmarks (as shown in Fig. 2).
a     b
Fig 2. Time chart of consumption (a) İ=0.5, x1=x2=0.5, ȝ =0.5 and N=200; (b) İ=0.6, x1=0.1, x2=0.5, ȝ =0.5 and N=200. 
Compared with the non-benchmark scenario, more interesting results are obtained in the remaining three parts. In 
zone 2, one fluctuant cluster is sure to appear in the end and it signifies that people with personality in range (5) 
keep changing their behaviors. This is due to the two benchmarks being too close to each other and can force an 
individual’s consumption to sway between the two benchmarks after thoroughly interacting with the social norms. 
[ 0.12 0.6 x1 x2
2
+1.3 x1 x2 ,  0.65 1.125 x1 x2
2
+ 0.025 x1 x2 ] for x1 x2 0.5  (5) 
Meanwhile the system also naturally creates one or more new opposite clusters, because people with initially
high consumption give up accomplishing their energy saving goals (see Fig. 3a). Zone 3, the range (6), doesn’t 
present any fluctuant clusters. Only stable clusters are shown in the final configuration. Compared with the non-
treatment scenario, in zone 3 final clusters merely grow in numbers with two of the clusters converging to the 
benchmarks respectively (see Fig. 3b). 
[0.3,  0.12 0.6 x1 x2
2
+1.3 x1 x2 ] for 0.3951d x1 x2 d 0.5
[0.3,  0.03 0.5 x1 x2
2
+1.05 x1 x2 ] for 0.5 < x1 x2 <1
­
®
°
°¯
or
[0,  0.12 0.6 x1 x2
2
+1.3 x1 x2 ) for 0.1d x1 x2 < 0.185
[0,  0.1] for 0.185 d x1 x2 d1
­
®
°
°¯
(6)
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a  b 
Fig. 3. Time chart of consumption (a) İ=0.4, x1=0, x2=0.2, ȝ =0.5 and N=200; (b) İ=0.4, x1=0, x2=1, ȝ =0.5 and N=200.
In zone 4, range (7), the system spontaneously converges to several stable clusters and benchmarks are able to act 
only on residents that have a pre-treatment consumption close to the benchmarks (see Fig. 4). 
(0.1,  0.12 0.6 x1 x2
2
+1.3 x1 x2 ) for 0.185 d x1 x2 d 0.3951
(0.1,  0.3) for 0.5 < x1 x2 d1
­
®
°
°¯
(7)
Fig. 4. Time chart of consumption (İ=0.2, x1=0.1, x2=0.4, ȝ =0.5 and N=200). Discussion 
In order to customize home energy reports for different personalities, we selected the optimal strategy which can 
achieve the best results in the total number of users who lower their consumption and the total energy savings. For 
the socially outgoing altruist (İ0.5), in zone 1, we always obtain 100% treatment efficiency. So strategy can be 
developed to provide them with the utility data of the most efficient neighbor, like an energy efficient role model in 
the community (x1=x2=0). This can influence the households involved to reduce their consumption to a minimum. 
Second, for the adaptive and easy-going person (0.3İ<0.5), people may not always be fully affected by the 
norms, due to the fact that the system always creates an unexpected opposite cluster. We believe that in the real 
world this is the boomerang effect. Therefore the exercised strategy should prevent the system from letting too many 
households consume an extremely high amount of electricity that escape from the attraction of the benchmarks. 
Since the two benchmarks may create a fluctuant cluster if they are too close to each other, we suggest the optimal 
strategy is to extend the households two benchmarks in their reports. One of the benchmarks would be the utility of 
the most efficient neighbor (x1=0) and the other one would be no larger than the utility of the most efficient 10% of 
neighbors (x20.1). This strategy can influence more people to consume in the range between the two benchmarks 
instead of generating an opposite reaction. Another benchmark setting choice is to offer households the highest 
consumption of the whole population (x1=1) and also provide data that is no more than the utility of the most 
efficient 20% of the neighbors (x1<0.2). This is because most residents can easily accept an energy saving goal 
which is fairly close to their daily consumption. So essentially, they can achieve the energy savings by only 
changing their daily habits by a little. 
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However, for traditionalists (0.1<İ<0.3), offering them extremely low consumption benchmarks as the previous 
case would cause people with pre-treatment over-consumption to quit acting in line with the benchmarks. The 
boomerang effect is even worse in this kind of person. Consequently, in this case, strategy can be established to 
extend residents the most efficient neighbor’s consumption (x1=0), and a relatively small one (0.2x2<0.4) as two 
benchmarks. 
Lastly, for the extremely close-minded population (İ0.1), we found that providing the value of benchmarks can 
only increase the quantity of stable final clusters, but does significantly affect the results. Apparently, treatment has 
negligible effects on an extremely close-minded person. 
3. Conclusion
From the simulation results, we observed the clustering of people’s energy behaviors. The data has shown that
providing customized feedback based on different personalities has great potential to achieve efficient household 
energy consumption. Through mapping the distribution of all clusters that existed at the final stabled configuration 
in a 2D plot (|x1-x2|, İ), we have classified them into four distinct zones as the following: 
x Zone 1: The electricity usage of all the residents involved always converge to the given normative benchmark (if
there is only one benchmark in their home energy report), or fluctuate between the two given benchmarks.
x Zone 2: The electricity usage always fluctuates between the two benchmarks, with few of them escaping from the
fluctuation and forming new opposite reactions.
x Zone 3: The treatments merely fragment the clustering of consumptions.
x Zone 4: The treatments can only attract residents with an initial consumption close to the benchmarks.
From this, we are able to select the optimal benchmark setting strategy which may best work on each type of 
personality. Consequently, for the socially outgoing altruist, the optimal strategy is providing them with the utility of 
the most efficient neighbor (x1=x2=0), like an energy efficient role model in the community. Second, for the 
adaptive and easy-going person, both of the setting strategies (x1=0, x20.1) and (x10.2, x2=1) can be considered to 
counter the boomerang effect. For traditionalists, the best strategy is to use the utility of the most efficient neighbor 
(x1=0) and of a relatively small neighbor (0.2x2<0.4) as the two benchmarks. Yet, for an extremely close-minded 
person, providing them with any kind of feedback barely affects their behavior. 
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